Abstract-Ball screws are key components in machine tool linear feed drives since they translate the motors' rotary motion into linear motion. With usage over time, however, tribological degradation of ball screws and the successive loss in preload can cause imprecise position accuracy and loss in manufacturing precision. Therefore condition monitoring (CM) of ball screws is important since it enables just in time replacement as well as the prevention of production stoppages and wasted material. This paper proposes an idea based on a probabilistic classification approach to monitor a ball screw's preload condition with the help of modal parameters identified from vibration signals. It will be shown that by applying probabilistic classification models, uncertainties with respect to degradation can be quantified in an intuitive way and therefore can enhance the basis of decision making. Furthermore, it will be shown how a probabilistic classification approach allows the estimation of remaining useful life (RUL) for ball screws when the user only has access to discrete preload observations.
I. INTRODUCTION
Machine tool operating costs can be divided into productivity costs such as labour and material, flexibility costs such as setup and waiting times and quality costs such as prevention of failure and follow-up costs related to failures [1] . Quality costs can make up a major part of the total costs since failures usually occur unexpectedly and therefore imply further correction costs. In some safety-critical cases, failures are not even tolerable. Due to that, many companies follow a preventative strategy, which implies maintaining on a regular schedule. This often means replacing parts regardless of their degradation condition, which ultimately leads to high replacement and maintenance costs [2] . Especially for machine tools with their vast life cycles, maintenance is a crucial aspect [3] . Therefore, a CM system that can estimate RUL accurately supports the user in making better maintenance decisions to prevent both unnecessary preventive and failure costs, and ultimately leads to an economic advantage in operating the machine tool.
The machine tool's feed drives, which determine the relative positioning of cutting tool and work piece, which in return has a huge impact on manufacturing accuracy, are maintenance intensive components and considered in this paper. Those feed drives are commonly realized by either linear or rotary motors. The most frequently used systems today are the latter in combination with ball screws which translate the motor's rotation into a translational movement of the table. The widespread application of ball screws is due to their high efficiency, low wear and high service life [4] . The investigated ball screw is shown in figure 1.
A. Ball screw preload and degradation
One decisive feature of a ball screw is the adjustment of preload on the ball screw nut, which is a critical property for axial positioning accuracy and the prevention of backlash. Preload can be adjusted by either adjusting a spacer in the nut, creating offset in the lead of the nut or injecting oversize balls [4] . However, over time and usage in manufacturing processes, a machine tool's ball screw degrades. In particular, abrasive wear, pitting and cracks can cause the loss of preload of the ball screw's nut and lead to lower stiffness. This lowers position accuracy, which eventually causes scraped workpieces [5] , [6] , [7] , [8] .
The use case for ball screw condition monitoring considered in this paper is based on a user decision for a certain ball screw tolerance class, which is suitable for the required manufacturing tolerance and which is determined by the adjusted ball screw preload. It is further assumed, that the user only has access to ball screws of different tolerance classes offered by a manufacturer, hence cannot continuously adjust a ball screw's
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Step 5: Evaluation -Section VII Fig. 2 . Prognostic process steps based on [9] . preload. A probabilistic classification approach for estimating a ball screw's condition and RUL based on the degradation of preload will be introduced, which gives the user a basis of decision-making when to replace the components.
B. Structure of the paper
This paper's structure follows a generic prognostics process presented in [9] . It consists of data acquisition, feature extraction, condition monitoring, the estimation of RUL and the evaluation of results (see figure 2 ). Furthermore, this paper's focus lies on steps three and four. After giving a short overview on the state of the art in condition monitoring and RUL estimation in section II, the experimental setup and data acquisition will be shown in section III. Feature extraction will be discussed in more detail in section IV. Based on the extracted features a probabilistic approach to condition monitoring and RUL estimation will be presented in section V and VI respectively. The results will be discussed in section VII.
II. CONDITION MONITORING AND RUL ESTIMATION
In literature, condition monitoring and the estimation of RUL has been studied for a broad range of components. In general, the methods applied can be categorized into physics-based, statistics-based, artificial intelligence (AI) and hybrid approaches. The majority of contributions is applying statistics-based and AI approaches, whereas physics-based and hybrid approaches are less common in the literature [10] . In the following, statistical and AI approaches will be jointly described and treated as data-driven approaches.
Physics-based approaches rely on mathematical descriptions of the underlying physical degradation process. This can be challenging since a complete formulation of the system's behavior requires a broad and fundamental understanding, which may not be present. A selection of common physicsbased approaches are reviewed in [11] and [12] . Examples for physics-based approaches are the application of Taylor's law [13] , finite element methods [14] and crack growth models such as Paris' law [15] . Often, however, the physical models' system state is identified and updated with the help of statistical methods such as Kalman filters and particle filters [16] , [17] . Nonetheless, those approaches are referred to as physics-based approaches [18] .
Data-driven approaches, in contrast, do not rely on a physical description of the underlying degradation process, but apply historical data to establish a relationship between observed damage and extracted damage-sensible features. An extended review on data-driven approaches can be found in [9] , [19] and [12] . Exemplary models that were applied in the literature are proportional hazard models [20] , Hidden Markov Models [21] and artificial neural networks [22] .
Finally, hybrid approaches try to leverage the advantage of the former two by combining them in a sensible way. In [18] a detailed and structured review, as well as an exemplary application to the estimation of battery RUL with a hybrid approach, is given. They show that it can be beneficial to follow a hybrid approach compared to a pure physics-based approach.
When it comes to the estimation of RUL of ball screws, various of the above three mentioned approaches can be found in the literature. Although not every single approach can be categorized distinctly, an attempt to do so will be made in the following.
Physics-based approaches include [23] , who simulated the degradation of ball screw preload and compared the result with experimental tests obtained from their test bed. More empirical examples include [24] who constructed a ball screw test bench equipped with a preload adjustable ball screw nut. After setting up an analytical model for the linear feed drive they identified the frequency ranges in which the system's eigenfrequencies can be expected to be found. Then they excited the system by commanding a signal with constant speed and linear acceleration on a stroke of 400 mm. The recorded signals were investigated in the theoretically derived frequency ranges by estimating the eigenfrequencies as the peaks in the Fast Fourier Transform (FFT) of the system's response. They showed that preload degradation can be observed in the extracted eigenfrequencies from vibration data.
However, since eigenfrequencies are position dependent, [8] constructed a preload feature that is less dependent on the ball screw nut's position and can be successfully applied for condition monitoring.
Another physics-based approach was followed by [25] who built an analytical model for the ball passing frequency (BPF) in the ball screw nut. Based on that BPF they applied a VoldKalman filter to track the ball screw's preload. They concluded that their approach is an applicable and practical one with good results. However, in preparation of this paper, the utilization of BPF did not yield the same good results.
A data-driven approach is proposed by [26] , who transformed the time domain vibration signal with the HilbertHuang-Transformation (HHT), which is a rather novel technique to analyse non-stationary and non-linear time series [27] , and monitored the preload condition.
An other approach was followed by [28] who utilized several data-driven techniques in one condition monitoring pipeline to monitor not only a ball screw's condition but the condition of an entire machine tool in an unsupervised manner. They recorded vibration data first and estimated the signal's power spectral density (PSD). From this PSD they extracted abstract features by applying non-negative matrix factorization. Based on those features, they applied a Hidden Markov model, which estimates the current and likely future machine tool conditions. Another approach, followed by [29] , is the extensive search for failure-sensitive features as a first step. This was done by constructing as many features from vibration data as possible. Exemplary ones were summary statistics of the raw time signal such as minimum, maximum and mean value. But also features from vibration data were constructed. For example the wavelet or spectrum energy and the BPF. In step two, the main features were selected by applying a support vector machine (SVM), which used a combination of features and tried to classify the data correctly according to the true condition. Eventually, by adding features, the misclassification rate ceased to decrease any further. This is when an optimal set of features was found. They then used the set of optimal features and constructed a so-called health value, which is a combination of the set of optimal features and was labelled as one during the first operating hours and was labelled as zero during the last operating hours. All data points in between were labelled by linear interpolation. Therefore, for every point in time, the features can be measured and a health value can be evaluated. They then showed how RUL as a function of time can be estimated by applying a Gaussian process regression (GPR) model. Although this approach is rather holistic since it covers all process steps from figure 2, this paper follows another procedure, which is operating without a health value and linearity assumption.
We argue, that a hybrid approach, that combines the advantages of physical and statistical modelling equally, has not been presented for the estimation of a machine tool's ball screw RUL yet. This paper tries to fill the gap with a novel idea of estimating remaining useful life via probabilistic classification based on eigenfrequencies extracted from vibration data.
III. DATA ACQUISITION: EXPERIMENTAL SETUP
All experiments were conducted on a DMG duo Block DMC 55H five-axis milling machine (see figure 3 ) equipped with a Heidenhain iTNC530 computer numeric control (CNC), which facilitates the excitement of the linear drives through defined sine sweeps within a certain frequency range. All measurements were conducted with piezo-electric Kistler 8762A10 acceleration sensors and processed with a National Instruments NI USB-4431 data acquisition box. The measurements were taken on a specific location shown in figure 3 . This particular position was selected with the help of a FEM simulation model, that was developed by [30] . This simulation model accurately evaluates the machine's structural modes and therefore supports the selection of measurement positions that give optimal signals which capture relevant ball screw modes. All measurements were sampled with 20 kHz. The investigated components were Bosch Rexroth ball screws FEM-E-C 40x16Rx6-4 with different preload levels. In this paper, results based on two different components are presented. First, a ball screw with 2390 N preload and second a ball screw with 1450 N preload were tested. It is assumed that the ball screw with higher preload corresponds to a healthy component which is able to fulfil the manufacturing tolerances whereas the ball screw with lower preload corresponds to a degraded component.
IV. FEATURE EXTRACTION: MODAL PARAMETERS
Assuming a linear time-invariant multi degree of freedom system with mass matrix M, damping matrix D, stiffness matrix K, excitation f andẍ,ẋ, x being acceleration, velocity and position respectively [31] ,
the frequency response function (FRF) can be described as a sum of n single degree of freedom systems' FRFs:
with mass m i , eigenfrequency ω e,i and damping D i . The studied system was excited by a CM test cycle consisting of a sine sweep on the motor current via the Heidenhain CNC. The system's response X(ω) was measured at a certain position (see figure 3 ). Assuming constant input F (ω) over the relevant frequency range from 1 − 500 Hz, the outputs were transferred into the frequency domain via FFT and treated as the true FRF. From the system's response X(ω), eigenfrequencies were manually extracted by detecting the relevant peaks. Since eigenfrequencies are proportional to the system's stiffness [24] they were considered good features for monitoring loss in preload. Potential non-linear behaviour was controlled by always exciting the system with a standardized CM test cycle. Figure 4 shows two exemplary measurements. 
V. CONDITION MONITORING: GAUSSIAN PROCESS CLASSIFICATION
For monitoring the condition of the ball screw, a binary classification model was applied. Due to the fact that the user cannot buy a ball screw with any preload on a continuous scale but has to decide for a ball screw in a certain tolerance class with a certain pre-adjusted preload. Hence, the condition to be monitored (preload) is a discrete value. Therefore, we decided to apply classification instead of regression.
A Gaussian process classification (GPC) was applied for several reasons. Firstly, a limited amount of observations is present. More precisely, only n = 5 observations from c = 2 classes were available. It is, therefore, necessary to work with methods, that can cope with little data. In GPC, this is possible through the induction of prior knowledge into the model. Secondly, GPC not only produces a point estimate of class membership for a certain ball screw but an entire probability distribution to be in a certain class. This is beneficial because it is possible to assess uncertainty around the estimation of class membership. In the case of high uncertainties, the user might ask for more information instead of making a decision. A third advantage of GPC, which is also based on assessing the probability of class membership, will become useful in section VI when the target is to estimate RUL.
In the following, Gaussian processes (GPs) and Gaussian process regression (GPR) will shortly be reviewed in accordance with [32] . Gaussian processes (GPs) are distributions over functions. Formally, if a function f (x) follows a Gaussian process, i.e.
with mean function m(x), covariance function k (x, x ) and expectation E,
then any finite evaluation of a Gaussian process is a collection of jointly multivariate normal distributed random variables.
Therefore, a Gaussian process can be seen as the generalization of the multivariate Gaussian distribution. The above mentioned prior knowledge can be incorporated through the mean and covariance functions. Often the mean function is set to zero [32] . Hence, the covariance function is the remaining ingredient which can be tweaked in order to represent prior knowledge. And indeed, different covariance functions lead to different results. They can even be recombined to form new covariance functions [33] . This property makes GPs very versatile, flexible and attractive to use for modelling. In the GPR case noisey observations y i = f (x i ) + i are assumed, with i being Gaussian noise. One main advantage of GPR is the analytical tractability of the calculation of the posterior densities of the latent function f = f (x), sometimes also called predictive distribution. This is due to the Gaussian assumptions on f and the noise i . At a point of interest f at a given location x , given historical observations y at historical input locations x, the predictive distribution is given by the conditional density p (f |x, y, x ) = N (f |E(f |x, y, x ), Var(f |x, y, x )) with
where σ 2 n is the measurement noise of each observation and I is the identity matrix. An exemplary covariance function is the squared exponential (SE) covariance function [32] :
with so-called hyper-parameters σ SE and l. In the setting of classification, it is assumed, that the latent data generating process is a Gaussian process. It is further assumed, that the latent Gaussian process is squashed through a probit function, which ensures the function values to be between zero and one, which is the probability of belonging to a certain class. However, in GPC the predictive distribution is not analytically tractable any more due to the non-Gaussian likelihood caused by the probit function. Therefore, one has to apply approximations like the Laplace approximation, expectation propagation (EP) or Markov Chain Monte Carlo (MCMC) sampling [34] , [32] . In this paper inference was conducted using the EP algorithm since it yields results close to MCMC methods, which provide exact results in the limit of infinite runs and therefore can be seen as a benchmark [34] . The idea behind EP is to approximate the true non-Gaussian predictive distribution p(·) with a Gaussian distribution q(·) ∼ N (μ,Σ). Assuming appropriate parameters for q(·) can be found, the solution for the approximated predictive distribution of the latent function derived with the EP algorithm is q (f |x, y, x ) = N (f |E q (f |x, y, x ), Var q (f |x, y, x )) [35] , [34] with
The approximate predictive probability for a new observation y belonging to class one can then be found with
where Φ is the probit function andμ andΣ are the mean vector and covariance matrix of the approximate posterior q(·).
In this paper an RBF covariance function, as in equation 6, was used for the GPC model and the hyper-parameters were estimated applying the type II maximum likelihood (ML-II) approach. The resulting probabilistic classification model is shown in figure 5 . The model gives a hard decision boundary, which divides new and degraded ball screws into two classes. The degraded ball screws are shown in the lower left corner and the new ball screws are shown in the upper right corner. The model is quite confident in classifying a given ball screw based on its eigenfrequencies in areas where historical observations are available. In areas where this is not the case, the model makes a guess but is also less certain. This is intuitive, sensible and supports the user in decision-making. Furthermore, the uncertainties around the estimates are quantified, which supports the user additionally. The uncertainty is high where historical observations are absent and small where observations were available. However, the uncertainty is not only dependent on the availability of historical data but also dependent on the degree of the model assumptions matching the observed data. Loosely spoken, the model is implicitly giving feedback on its own confidence of representing the observed data, which again is supporting the decision making process.
VI. RUL ESTIMATION: GAUSSIAN PROCESS REGRESSION
Finally, the target is to calculate RUL for the critical component ball screw. However, since the user can only monitor class membership with respect to those tolerance classes and preload adjustments a ball screw manufacturer offers, calculating RUL is a challenging task. In order to extrapolate degradation and estimate RUL until a critical threshold is met, continuous values are necessary. Here, the GPC model from the previous section becomes handy, since in that model not only class membership as a discrete variable is estimated but also the probability of belonging to a class. This probability is a continuous value between zero and one and can, therefore, be extrapolated with common regression methods. In the following, we apply a GPR model to estimate RUL. It is important to note, that the data used is simulated from the GPC in figure 5 . It was assumed that a new ball screw degrades over time along the black arrow and eventually can be considered worn out. If this is true, then measurements over time will look like the observations in figure 6 . At time zero, the ball screw can be considered new, equipped with high preload, and thus higher eigenfrequencies. Consequently, the GPC in figure 5 assesses a high probability for the ball screw to actually be a new ball screw. Over time and usage, the ball screw experiences degradation. At random points in time CM test cycles are conducted (as described in section III), noisy measurements collected, the eigenfrequencies analysed, degradation with the help of the GPC assessed and the likelihood of class membership entered into figure 6. As expected a monotonic degradation can be observed with increasing operating time.
The degradation pathway is modelled and extrapolated with a GPR model as described in section V. Now, however, with subscript time t and one-dimensional inputs x t only. It is assumed that degradation over time is observed in form of the mean probability of class membership y t , which in return is assumed to be a noisy realization that follows a latent function f (x t ) ∼ GP (0, k(x, x ) RUL ). Formally:
Since a ball screw's loss in preload is assumed to be monotonic and non-stationary, it was decided to use an additive, nonstationary covariance function consisting of three components [36] . Firstly, a non-stationary polynomial component (Poly) that can capture the degradation process' negative growth trend. Secondly, a smoothing component (SE) that softens the strict, parametric polynomial influence, and thirdly, a noise component (WN) that can capture the measurement noise coming from the vibration measurements. Hence, the covariance function is:
with
For inferring the hyper-parameters σ SE , σ WN , l and c from data the ML-II method was applied. It can be seen from figure 6 that the monotonic degradation process of the ball screw is captured by the GPR model. Not only the in-sample fit is well, but also the extrapolated behaviour is close to the true behaviour for a long time ahead. In fact, the RUL in this example, which is the time from the last simulated measurement until the threshold of E [q(y t = 1)] = 0.5 is met, is almost perfectly estimated. Although, the uncertainty around the estimate grows with time. This is sensible, however, since the further away from observations one moves, the more uncertain one should be about the prediction.
VII. CONCLUSION AND OUTLOOK
This paper presented a new idea to estimate RUL of machine tool ball screws via probabilistic classification. After giving an introduction and a brief literature review, a new hybrid approach was presented using a combination of physics-based and data-driven methods.
The presented approach is based on the ball screws eigenfrequencies extracted from vibration data. Based on the eigenfrequencies, a ball screw can be classified in tolerance classes provided by a ball screw manufacturer. This paper showed an example with real data that classified a ball screw into two tolerance classes, one of which was considered in working order while the other was considered degraded. The classification Fig. 6 .
Estimated RUL. The threshold was set to the point, where the probability of being a new ball screw is equal to 50 %.
was performed with a GPC model, which is a probabilistic method, that gives the probability of class membership. This is beneficial for two reasons. Firstly, uncertainties in classification are quantified and can be considered for decision making and secondly, since probabilities are, in contrast to classes, continuous variables, extrapolation becomes possible. In the end this extrapolation lead to the estimation of RUL, i.e. the time a threshold is predicted to be met.
However, the presented approach still needs more validation to be considered entirely feasible. Firstly, more measurements need to be conducted that can validate the current approach and take into account more components such as linear guides and more tolerance classes than two. Secondly, a more autonomous way of extracting eigenfrequencies must be implemented. Currently, eigenfrequencies are identified manually. Thirdly, more probabilistic classification models need to be considered and compared with respect to the ability of correctly modelling the degradation. Fourthly, long-term trials need to be conducted to assess the accuracy of the RUL estimation. Fifthly, RUL should be treated as a function of time and load in order to be useful for maintenance integrated production scheduling [37] . Currently RUL is only treated as a function of time.
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